Introduction
The profound challenge of genome research, becoming more and more real in recent years, is to assign function to newly discovered genes. The genome discovery shifts from blind sequencing of long anonymous DNA stretches to understanding the gene function.
Homology searches through sequence databases provide a good possibility for the assignment of function to anonymous sequences, but this method, while being very popular now, is based on a search of long homologous regions and is highly restricted by the collection of known functional sequences in the databases. As was demonstrated recently, less than a half of the ORFs identified within the completed sequence of the Saccharomyces cerevisiae genome are represented by homologues in current databases (Mewes et al., 1997) . So, in the majority of cases, genome sequences cannot be assigned any function just by homology search. Moreover, the presence of long homology stretches does not guarantee functional identity, as in the case of pseudogenes. In most cases, the certain function of biopolymers at the DNA, RNA or protein level is coded by short functional sequences: cis-elements in DNA (transcription factor binding sites, promoter boxes, and others); stable secondary structures in RNA (hairpins, loops, pseudoknots, etc.) ; and functional domains in proteins (leucine zipper, zinc finger, etc.).
Oligonucleotide analysis gives the possibility to find similarity between functionally related sequences (Kolchanov et al., 1995) , even if they do not have any long homologous regions (as in the case of splice sites; Kel et al., 1993) . First, revealing functionally important oligonucleotides and then comparing their distribution profiles is a challenging approach for functional genome analysis. Such tools being developed could be effectively used for anonymous sequence function annotation together with homology search tools.
One of the most promising approaches in genome functional analysis is automatic classification of the sequences into functional classes. 'It would be of tremendous value to be able to search for all genes known to be expressed only in the liver or in forebrain or in early gestation, and so on' (Branscomb, 1996) . It is clear that in most cases such genes have unrelated origins and similarity between them could only be revealed by analyzing the local nucleotide context. Comparison of the oligonucleotide composition of the sequences could be a good tool for that.
Applications of oligonucleotide hybridization techniques to the functional analysis of genome sequences have been described earlier (Drmanac et al., 1991) . Methods for sequence recognition based on results of oligonucleotide hybridization have undergone profound development recently (Milosavljevic, 1995) . Currently, the dominant issue of functional genome analysis is the isolation, sequencing and mapping of cDNA clones (ESTs) that represent mRNAs expressed in eukaryotic cells from many tissues. The huge number of cDNA clones from the whole pool of cellular mRNAs could be identified by the oligonucleotide fingerprinting technique (McClelland et al., 1995; Milosavljevic et al., 1995 Milosavljevic et al., , 1996 Drmanac et al., 1996) . Hybridization of a number of oligonucleotides to the cDNA clones produces a unique fingerprint for each of the clones (Meier-Ewert et al., 1998) . These fingerprinting data could be used directly for functional sequence recognition before actual sequencing.
A number of computer applications have been developed so far for designing oligonucleotides probes (Raupach, 1984; Rychlik and Rhoads, 1989; Bridges, 1990; Lowe et al., 1990; Lucas et al., 1991; Makarova et al., 1992; Dopazo and Sobrino, 1993; Nash, 1993; Hyndman et al., 1996; Proutski and Holmes, 1996; Estruch, 1997; Horton et al., 1997) . Some of these applications are based on programs included in big packages like GCG (Eberhardt, 1992) . Most of these approaches aimed to select oligonucleotide probes appropriate for polymerase chain reaction (PCR) applications, for hybridization used in sequencing, sequence analysis and sequence identification. A series of theoretical investigations has been carried out to provide a basis for thermodynamic calculations in the course of oligonucleotide selection (Wu et al., 1991; Rychlik, 1995; Chen and Zhu, 1997) . Practically all programs available now are designed for analysis of a single sequence or a group of very homologous sequences (multigene family). This restricts their applicability for designing oligonucleotides that would be able to detect new members of a highly evolutionary divergent gene family.
We suggest an approach to utilize fingerprinting data for searching new members of known gene families in cDNA or genomic libraries. We developed a new computational approach to design such oligonucleotide probes that are capable of detecting new members of a gene family in a clone library. Specific features of the developed approach are: (i) designing combined sets of oligonucleotides rather then considering each oligonucleotide separately; (ii) admitting the letter 'N' in the structure of the oligonucleotides. We have applied a genetic algorithm (Forrest, 1993) as one of the most powerful computational approaches to design these oligonucleotide probes that bear high selectivity for the proteins of any given family even if the family members have very a low level of sequence homology.
We have designed such oligonucleotide probes for detecting transmembrane G protein-coupled receptors (GPCRs), a large family of proteins within the system of transduction of extracellular signals to the intracellular second messenger pathways (Strosberg, 1993; Kolakowski, 1994a) .
Data
The following data samples have been used in the analysis. 1. Q1, a sample set of 556 sequences of cDNA of the GPCR genes of different organisms. This set was retrieved from EMBL using the accession numbers listed in the GCRDb (G protein-coupled receptor database) (Kolakowski, 1994a) . 2. Q1 L , a learning set of 150 coding sequences of GPCRs.
These sequences start at the codon AUG and end with the stop codon. The set was produced from Q1 by taking representative sequences from subfamilies given in GCRDb (URL: http://www.gcrdb.uthscsa.edu/). 3. Q1 T , a test set of 406 cDNA sequences from GCRDb.
We took all cDNA sequences present in GCRDb and genomic sequences from D and F families, and removed all sequences present in learning set Q1 L . 4. Q2, a sample set of 554 human cDNA sequences. This set was retrieved from the EMBL nucleotide sequence database by the query 'cDNA' and length >600 bases. All GPCRs were removed from this set (by GCRDb links only). This set was used as the control during oligonucleotide design. 5. EST, a sample set of 713 870 cDNA sequences in the EST data library (weekly reported set in NCBI on 11 December 1996). This was the sample on which we checked the designed oligonucleotide sets and estimated their sensitivity.
Algorithm
The oligonucleotide hybridization-based approach for the identification of cDNA clones as being members of a given protein family is quite a promising technique. The crux (and the most difficult step to make) of it is to design appropriate sets of oligonucleotides that can be used effectively for identification by hybridization of the cDNA. The oligo- nucleotides that correspond to the most conserved parts of the protein family are used for identification of new members. Problems arise when the proteins of a functional family share very little sequence homology. We have applied a genetic algorithm to designing such oligonucleotide sets that bear high selectivity for the proteins of any given family even if the family members have poor sequence homology.
The block diagram of the proposed approach is presented in Figure 1 . The main steps are as follows.
1. Define an initial list of 'good' oligonucleotides from among all possible variants. Various techniques were used in this step. All of them were supposed to estimate the selective potential of each oligonucleotide alone. 2. Design the best cumulative sets of oligonucleotides from the initial list. The selective potential of each set is estimated on the basis of the cumulative selective potential of all its oligonucleotides. For estimation purposes, we assign to each oligonucleotide the weight that corresponds to the relative contribution of the oligonucleotide to the selective potential of the set. 3. Check the proposed set for sensitivity and specificity on the control data. We do this using the dbEST library and a set of cDNA sequences taken from the EMBL nucleotide sequence databank.
Consider these steps in more detail.
Initial listing
Two main approaches are used. One treats oligonucleotides in a 4-letter code. The other admits the letter 'N' in the structure of the selected oligonucleotides. In the latter case, it is assumed that the letter 'N' in the selected oligonucleotide should match any letter in the target site. Let l be the length of the oligonucleotides to be examined. We consider l in the range from 7 up to 15 bp. Oligonucleotides of such length are widely used in hybridization experiments. Let Q + be the set of N + nucleotide sequences that encode proteins belonging to the given family, and Q _ be the control set of N -nucleotide sequences that are not supposed to encode the proteins of the given family.
Selecting 4-letter oligonucleotides. The program tries all oligonucleotides of length l in Q + and estimates the selective potential of each. For any oligonucleotide o of length l, the following two measures of the selectivity potential were used. (i) m 1 = f + /f -, here f + and f -are the frequencies of oligonucleotide matches; f + = M + /N + , where M + is the number of sequences in Q + with at least one match found either in the direct or in the complementary chain. f -is calculated similarly. By this measure, we select oligonucleotides which are the most abundant in Q +. (ii) m 2 = f + -f -; we use the measure m 2 in combination with m 1 to select the most representative oligonucleotides among the abundant ones.
Thus, the sets of oligonucleotides U 1 and U 2 are formed with the maximum values of these measures, respectively. The ultimate, non-redundant list of oligonucleotides of length l, U(l), is the union of these two sets with identical oligonucleotides cancelled out: U(l) = U 1 ∪ U 2 . Lists of oligonucleotides of other lengths are gathered similarly.
Selection of 'N'-containing oligonucleotides by genetic algorithm.
Consider oligonucleotides of length l with k allowable nucleotides 'N' in their structure (normally we consider k in the range from 0 to l/3). We propose the following algorithm for choosing the (l,k) oligonucleotides whose selectivity potential with respect to a given gene family is high. At the first step, for the given l, k, we generate a set of random oligonucleotides that may contain up to k nucleotides 'N' at randomly chosen positions. This set is further considered as the 'population' of evolving 'organisms' that are subject to mutation, recombination and selection. At each further step, the oligonucleotides in the 'population' undergo random mutation by nucleotide substitution at arbitrarily chosen positions to the letters from the alphabet: 'A', 'T', 'G', 'C' or 'N'. Recombination is simulated by exchanging random parts between oligonucleotides. After each mutation or recombination, we check that the number of letters 'N' in the oligonucleotides does not exceed k. Then we decide on the 'best' oligonucleotides using the measures of selectivity potential discussed above.
These oligonucleotides are duplicated over and over again until their number equals the initial number of the 'organisms' in the 'population'. After numerous rounds of such selection, we put the 'best' oligonucleotides from the final population on the list U N( l,k).
The control parameters of the algorithm are the following: M, size of the 'population'; M sel , number of oligonucleotides selected; α pop, α rec , mutation and recombination rate in the population (the number of oligonucleotides to mutate and to recombine); α len , α N , nucleotide mutation rates (the number of oligonucleotide positions to mutate, separately for four and for 'N').
The list U N( l,k) is complete after several runs of the algorithm with different values of the control parameters.
Thus, we have an initial list of oligonucleotides which are the union of the oligonucleotide sets designed for different l and k.
The first step is complete.
Designing cumulative sets of oligonucleotides
It has been noted that identification of the members of the functional families of proteins with rather low homology requires cumulative oligonucleotide sets for hybridization. We term such sets 'cumulative' because the cumulative effects of the oligonucleotides add to one another, thus allowing the identification capacity to be improved by simultaneous hybridization of the oligonucleotides of these sets. The overall effect depends, on the one hand, on the selective potential of each oligonucleotide alone (i.e. the ability to 'recognize' a certain range of the family members), and, on the other hand, on how fully the entire set of oligonucleotides reflects the conserved motifs of that protein family. Furthermore, it is of importance for hybridization of short oligonucleotides that the frequency of their incidence in various parts of the genome by chance be taken into account. The shorter the oligonucleotide and the more degenerate it is (i.e. the more letters 'N' it contains), the more frequently it occurs in irrelevant parts of the genome by chance and the more difficult it is to use this as a probe.
We have developed an approach allowing cumulative sets of oligonucleotides with a good potential for identification of protein functional family members by hybridization to be designed.
The approach is based on the genetic algorithm and is described below.
The same two sequence sets, Q + and Q -, are used. Cumulative sets are developed from the initial list of oligonucleotides U, selected at the previous stage.
Let S ={o i | o i ∈ U} be the set of m oligonucleotides selected from U. We used the following cumulative function for describing the total effect of the hybridization of the oligonucleotides from the set S for one sequence X that we are analyzing.
indicative of whether or not the oligonucleotide o i has a match in the sequence X (here the ⊂ sign stands for matching, ⊄ for mismatching). The oligonucleotide weights W = {w i ∈ [-1,+1]} state the relative contribution of each oligonucleotide in the cumulative function F. These weights W are estimated by using a variation of genetic algorithm which we describe below.
Then for each pair (S,W) we can estimate the cumulative selective potential for identification of the members of a gene family. The estimation is done using the following measure:
where F ) , F * are the means of the cumulative function F for Q + and Q -sequences, respectively; σ + , σ -are the standard deviations. Thus, the best set S for hybridization is now such an oligonucleotide set and such weights W that maximize the Score(S,W) on Q + and Q -.
We use a variant of genetic algorithm for designing such an oligonucleotide set. At the first step, for a given U and m we generate a random 'pool' of 'genomes' G. Each 'genome' G = {S,W} is a set of oligonucleotides S with their weights W. These 'genomes' in the 'pool' are subject to mutation and selection. At each further step, the genomes G are mutated randomly by substituting arbitrarily chosen oligonucleotides for other oligonucleotides from U. Additionally, the weights W are mutated by increasing or decreasing w i for some randomly chosen oligonucleotides i in the genomes. The recombination process is modeled by exchanging oligonucleotides between different genomes. Then we select the 'best' genomes according to the measure of the cumulative selective potential Score(G). These selected genomes are duplicated several times until the initial number of the genomes in the pool is reached. After numerous rounds of such selection, we retrieve the 'best' genome S best from the final pool as the oligonucleotide set to be used for hybridization.
Implementation
The algorithm has been applied for designing oligonucleotide sets, most selective for cDNA clones of the transmembrane GPCRs.
Developing the initial list of oligos
At the first stage, we took up the initial list of the most selective oligonucleotides using the methods described above. The first list U(l) with 4-letter oligos between 8 and 12 in length was compiled by trying all oligos of that length from Q1 L and computing their selectivity measures m 1 and m 2 by how frequently these oligos occurred in the control sets Q2 and EST. Table 1 presents the list of the very best oligonucleotides 8 and 10 nucleotides in length. The table also contains the frequencies of the oligonucleotides in Q1 L , Q2 and EST. As can be seen, although this family is noted for low homology, oligonucletides that occur much more frequently in their sequences than in the control sets can be identified.
The other sets of oligonucleotides included in the initial list were formed from 'N'-containing oligonucleotides. The selection algorithm was used as described above. We selected those oligos 6-14 nucleotides in length with the number of 'N' from 0 through 5. It was done on the same sets as in the previous case. Examples of the best oligos with respect to their GPCR-selective potential are presented in Table 1 . For each oligonucleotide, its frequency in the Q + and Q -sequences is indicated. So too are the values of m 1 and m 2 . As can be seen, many of them occur in Q + 5-7 times as frequently as in Q -, which is indicative of high specificity for the GPCR genes. At the same time, the absolute frequency varies over a wide range. Some (the more degenerate) are very frequent indeed, some are very rare. For example, the oligonucleotide 'GACCGCTA' occurs in 29.33% of the Q + and in 1.78% of the Q -sequences. By applying the program described above, we have developed an initial list: U-containing perfect oligonucleotides, oligonucleotides having few (up to 10%) Ns and oligonucleotides having many (up to 50%) Ns. 
Design of cumulative oligonucleotide sets for the GPCR family
Several cumulative oligonucleotide sets have been designed for the GPCR family using various initial lists and at various values of the control parameters of the algorithm. The variables were as follows: N p , the population size (100-20 000);
N o , the number of genomes selected at each iteration (20-300); p m , the frequency of genome mutation (1/10 to 4/5 of the population); p g , the frequency of gene mutation in a genome (1/10 to 4/5 of the population); P r , the recombination frequency (1/20 to 1/10 of the population). The time necessary for finding the optimum oligonucleotide set and the weights of its entries was different depending on the va-lues. Figure 2 presents Using the optimum parameter values of the genetic algorithm, we have designed oligonucleotide sets with different numbers of entries. These were 5-, 8-, 10-, 12-, 15-, 20-, 25-and 30-strong sets. For each of the sets, we assessed the rate of false negatives (α 1 ) and false positives (α 2 ) for the identification of GPCR family members ( Table 2 ). The training samples were the same, Q + and Q -. (Note that final estimation of the false-positive rate for the best sets was performed on control data).
We evaluated the cumulative potential F for an arbitrary sequence and false-positive and false-negative rates. The example is the 10-strong set s10 (no.3 in Table 2 ) which displayed one of the lowest false-positive and false-negative rates. The set and the weights are shown in Table 3 . It largely contains 8 nt oligonucleotides with one or two 'N'. Figure 3 shows histograms of the distribution of the cumulative function F values for the Q + sequences (black) and for Q -sequences (open bars). One can clearly see a difference between these two distributions. For the rat olfactory protein mRNA sequence (which belongs to the GPCR family), the calculation of the F values is presented. We found six oligonucleotides out of 10, matching to different regions of this sequence. As can be seen from the figure, the calculated value of F for this sequence exceeds those for most Q -sequences.
For estimating the false-negative (α 1 ) and false-positive (α 2 ) rates, we evaluated F for all the sequences in both samples. For the given threshold F s : α 1 = 1 -m ) ń|Q ) | α 2 = m * ń|Q * |, where m + is the number of sequences X + in Q +, for which F(X + ) < F s ; m -is the number of sequences Xin Q -, for which F(X -) > F s . Table 2 contains the values for α 1 and α 2 for all the oligonucleotide sets we have designed at various F s values. Oligonucleotide identification was run in three modes: low, medium and high. When low, the threshold was set so that the level of false negatives was the minimum (∼20%). This implies that virtually all the known representatives of the given family can be recognized using these oligos. False positives, however, are high, which limits its application when the number of clones to be screened is large. Medium provides medium values of false negatives (∼30%) and false positives. In high mode, false negatives are high (∼70%) and false positives low. This mode is intended for identification of the most typical representatives of the family.
The optimum number of oligonucleotides in the set can be determined using the data in Table 2 . At a fixed value of α 1 , those of α 2 decrease as the number of oligos in the set grows. This decrease, however, is insignificant as the number ex-ceeds 20. The explanation is that for a large number of short oligos, the probability of these matching Q -sequences by chance rises, which decelerates the decrease in the false positives (α 2 ). Hence, the optimum number falls between 10 and 15.
Testing the oligonucleotide set
First, we test the selected oligonucleotides on the testing set Q1 T of 406 cDNAs for GPCRs. Not a single sequence from this set was used on the learning step. So, it is a good set for the estimation of false-negative rates for using the designed oligonucleotides for revealing new GPCR family members. In Table 2 , we present estimation of the false-negative rates on the testing set (α 1 in Q1 T ). One can see that it gives slightly higher figures for the false positive rate than on the learning set, but they are still quite low and permit successful use of the designed oligonucleotides for the identification of new sequences that belong to the GPCR protein family.
The EST library containing 713 870 cDNA sequences was used to estimate the identification accuracy of the designed sets. For that purpose, we have developed a fast scanning program FINGSCAN. For a given oligonucleotide set, FINGSCAN determines the fingerprint for the sequence and evaluates the cumulative criterion F. If the value exceeds the threshold set during the development of the oligonucleotide set, the sequence is identified as coding for a likely member of the GPCR family. Furthermore, FINGSCAN estimates the false-negative rate for the oligonucleotide set and plots the distribution of the values of the cumulative criterion F and the number of matching oligonucleotides for all EST sequences.
The distributions of F, plotted for the set s10 for the EST library sequences and Q + are presented in Figure 3 . As can be seen, the distributions are different. For most EST sequences, the F values equal 0. Not a single s10 oligonucleotide has a match in these sequences. On the whole, the s10 oligonucleotides occur in the EST sequences much less frequently than in Q + (on average, the number of oligos per sequence is 1.3 for EST and 7.3 for Q + ).
As has been demonstrated by calculations, the designed set s10 of 10 oligos correctly identifies 78% of the GPCR cDNA collection (150 sequences), with only 0.2% false positives (see Table 2 ). A high identification potential of this set is therefore confirmed.
Design of oligonucleotide set by sequential filtering
For the best oligonucleotide set to be designed, we apply the most sophisticated approach which is based on a two-step sequential filtering of the training sequence samples. In the first step, we select one of the best oligonucleotide sets and consider it as the basic set. We selected the s10 set to be the basic set. For the basic set, the cumulative function F is determined, which we will call Fb. Then, we scan the Q + sequences and EST sequences using the basic set. The sequences from both samples that have Fb exceeding a threshold were put into new samples Q2 + , otherwise into Q2 -. By this scanning, we simulate a hybridization experiment with the basic set of oligos and select those clones that have F values exceeding the threshold. Among the clones selected at this stage, there are sequences that do correspond to the GPCR family as well as sequences that were wrongly classified as such (false positives). To decrease the amount of false positives, we carried out a second step of analysis on the Q2 + and Q2 -samples, and designed additional GPCR-specific oligonucleotides.
As a result of the first step, we come up with sample Q2 + containing 130 GPCR sequences and sample Q2 -containing 1206 EST sequences that gave rise to the high value of the F function. We considered the Q2 -sample as false positives (in this sample we skipped seven sequences from EST that passed the F threshold and that have a high homology to some GPCR sequences, as will be described in the Discussion)
Analysis of Q2 + and Q2 -samples was carried out in the same way as described above for the Q + and Q -samples. As a result, five additional oligonucleotides were designed that were best in distinguishing the Q2 + sequence sample from Q2 -. We compiled a new set s[10&5] containing 15 oligonucleotides: 10 from s10 and the five additional oligonucleotides. A second step cumulative recognition function F2 was constructed on the basis of the s[10&5] set (see Table 3 ).
In Table 2 (last row), we present the result of testing the sequential use of the Fb and F2 functions. For each sequence, we calculate the Fb value (using 10 oligos from the s10 set), if the value exceeds the threshold we calculate the F2 value (using the same 10 oligos and five additional ones in the s[10&5] set), and if the F2 -value exceeds the threshold too we consider this sequence corresponding to the GPCR family. This method yields 29% false negatives and 0.02% (see row 12) false positives, i.e. ∼4 times less than by using only the s10 set (see row 9). It means that hybridization of 100 000 cDNA clones to the proposed oligonucleotides will yield ∼20 clones potentially classified in the GPCR family. Direct sequencing of these 20 clones would then provide more evidence for this classification.
Program implementation of the algorithms
The algorithms described above were implemented in three programs: OLGSEL (for developing the initial list of oligos), SETSEL (for designing the cumulative set) and FINGSCAN (for scanning a set of sequences for the oligonucleotides). These programs were written in C computer language and implemented on a SPARC station 20 with a gcc compiler. The calculation time linearly depends on the number of se-quences in the learning and control sets. It also depends on the number of oligonucleotides in the set and oligonucleotide length. For the GPCR family (705 sequences in the learning and control set), selection of a set of 10 oligonucleotides of length 10 takes the following calculation time: OLGSEL (4 h and 45 min), SETSEL (10 h and 12 min). The program FINGSCAN takes 2 h and 27 min to scan dbEST.
Discussion
The described approach provides the possibility to develop oligonucleotides that can be effectively used for screening cDNA libraries for identification of new members of functionally important sequence families. The efficiency of this approach was demonstrated on the example of the large family of GPCRs, which one could characterize as a protein family with a very low level of homology between their members (Strosberg, 1993; Kolakowski, 1994b) , although all the GPCR proteins serve similar receptor functions in cellular signal transduction pathways and have a similar structure.
The algorithm applied allows us to reveal the most conservative parts of the sequences that provide their functionality. To demonstrate the ability of the algorithm to identify the common functional units in the sequences belonging to a family, we analyzed the domain structure of the GPCR proteins and compared it with the location of the designed oligonucleotide matches in the corresponding cDNA sequences.
Correlation of the designed oligonucleotide match location with functional domains of the GPCR proteins
GPCRs are a large superfamily of proteins that transduce signals across the cell membrane. At the extracellular side of the membrane, they receive a signal (a ligand or photon in the case of opsins), and at the cytosolic side they activate a G protein. GPCRs consist of seven transmembrane domains, the extracellular N-terminal end, three extracellular and three cytosolic loops, and the cytosolic C-terminal end. Membrane helices and extracellular loops are involved in ligand recognition. The second and third cytosolic loops and part of the (cytosolic) C-terminal end of the receptors are involved in G-protein recognition (Oliveira et al., 1994) .
The s15 set, containing 15 oligonucleotides, was used for this analysis. We carried out a search using these oligonucleotides through the sequences from the Q1 L set that have been supplied in SWISSPROT by domain information. Table 4 shows the result of comparing the domain structure of GPCR proteins with the location of the matching oligonucleotides in the cDNAs corresponding to these proteins. We found that the designed oligonucleotide often match regions in cDNA corresponding to transmembrane domains (see the last row of Table 4 ). In 120 GPCR sequences from the Q1 L set that have been analyzed, we found 724 matches of the 15 oligonucleotides in the regions corresponding to transmembrane domains. If we consider a random distribution of the oligonucleotide matches, we would expect only 596.4. Using a binomial distribution, we can estimate the probability P of getting such a large number of matches by chance. We calculated P = 10 -11 , which is pretty small. In turn, we found significantly fewer matches in the regions corresponding to loops and C-and N-ends of the proteins (998 found/1188.8 expected, probability P = 10 -11 ). This demonstrates that the locations of the designed oligonucleotides correlate significantly with transmembrane domains of the GPCR proteins.
Detailed consideration of each oligonucleotide demonstrates that different oligonucleotides are specific to different functional domains of the proteins. Practically all transmembrane domains (except the first) and some cytosolic domains are marked with one or several oligonucleotides from the set. The strongest preferences shown for specific regions were those corresponding to the third (T3) and seventh (T7) transmembrane domains and the second cytosolic loop (I2). It is known (Conklin et al., 1993; Dratz et al., 1993) that the most conservative motif 'DRY' of GPCR proteins is located at the border between the T3 transmembrane domain and I2 loop. This region serves in G protein coupling (Konig et al., 1989) . Indeed, oligonucleotides matching these regions can code the 'DRY' motif. For example, GACNGNTA (no. 3, underlined in Table 4 ) can be decomposed as: GAC -'D'; NGN -'R'; TAN -'Y'.
We considered the region around the T3/I2 border separately (five amino acids up and down from T3/I2 border). A very strong correlation was found between the location of the matches of oligonucleotides 2 and 3 (see Table 4 ) and this G protein coupling region. Twelve and 16 matches of these oligonucleotides were found in this small region. Aside from these, some more oligonucleotides matching this very hot functional region were identified. They mark some other signals important for GPCR protein functioning.
It seems that the selected oligonucleotides mark such structural units that are common between GPCR proteins and so these oligonucleotides provide the possibility to identify new members of this broad family. To demonstrate this, we checked the recognized sequences from learning and testing sets, and analyzed what receptor families they belong to. In Table 5 one can see how many sequences from different GPCR families and subfamilies (groups) were scanned by the selected oligonucleotides (s10 with threshold 5.19), and how many of them were recognized by the program. Members of practically all families (except E-1) were recognized. It is interesting to see that the proposed oligonucleotides can recognize even members of the O-1 receptor family containing proteins with seven transmembrane domains that have the same structure as GPCR proteins, but not coupling to G-proteins. The score value = 5.2 which is higher than the threshold. These five oligonucleotides in the AA096771 sequence match regions that correspond to the first and second most conservative transmembrane domains in the GPCR proteins.
Selectivity and specificity of the designed oligonucleotide sets
To demonstrate the specificity of the selected oligonucleotides in identifying GPCRs, we took a close look at those 10 sequences in the control set Q2 that passed two thresholds for the s[10&5] set (see Table 2 ). Among these 10 sequences, five were GPCR-like proteins as they were classified in SWISSPROT (IDs: HS10504, HS238541, HSGALAREC, HSMCPIR, HSNEKAR). They were not included in the current release of GCRDb, and were not removed from the control set. Another three sequences are for proteins involved in signal transduction pathways: human receptor of activated protein kinase C1, human growth hormone GH-V and human transforming protein RHOC (H9). The last two falsepositive sequences are human splicing factor SF2p32 and trypsinogen I precursor, and have the lowest score values. Besides, these two sequences do not contain matches to the very important oligonucleotide GACNGNTA which marks the conservative 'DRY' motive in GPCR proteins.
Revealing cDNAs highly homologous to GPCR family members
To demonstrate the ability of the designed oligonucleotides to fish out sequences related to the GPCR family, we carried out FASTA homology searches among cDNA sequences selected by the oligos from the EST library. After applying s10 set in low mode to the EST library, we selected 1206 cDNA sequences. We ran the FASTA program for the all these sequences, trying to find among them strong homologues to GPCR sequences. We found seven cDNAs sharing profound homology with different GPCR sequences (Figure 4 ). This demonstrates that by using these oligonucleotides we are able to reveal new potential members of GPCR family.
The approach designed is not restricted by cDNA clone libraries and hybridization techniques only. Various combinations of PCR and hybridization could be applied for cDNA and genomic clones by using oligonucleotides designed by this approach. Different functional parts of eukaryotic genes, such as promoters, 5UTRs, exon/intron boundaries and 3-regulatory regions sharing very low homology, could be analyzed on the basis of oligonucleotide design described here.
